We propose a method that uses machine learning to identify behavioural groups in men who have sex with men based on the recognition of condom use patterns over time. It led to the identification of clusters with dissimilar behavioural trends. 
Introduction
Sexual behaviour among men who have sex with men (MSM) is heterogeneous and dynamic [1] [2] [3] . Recent changes in sexual behaviour have been associated with increases in sexually transmitted infections (STI) among MSM [4] [5] [6] [7] [8] . Yet, potentially oversimplified assumptions on exposure to STI transmission are common [9] [10] [11] . Lack of understanding and misconceptions about choices regarding sexual encounters are likely to have limited the efficiency and efficacy of public health interventions, as well as the accuracy of mathematical modelling projections, because they may have failed to capture underlying drivers of risktaking and heterogeneity.
Separately addressing specific groups of people who share similar attitudes towards risktaking might increase the impact of interventions aimed at preventing exposure to STI, and reducing their transmission. Recognizing such attitudes in individuals may be critical to design interventions that are more effective [12, 13] . For instance, previous modelling of individual decision-making considering game theory found that emerging behaviours in populations are highly sensitive to the value/worth that individuals attribute to condomless sex with HIV-serodiscordant partners [14] . Yet, assumptions regarding risktaking have often been based on individuals' sociodemographic characteristics [15] [16] [17] . Apriori categorizations are subject to stereotypical representations of people. While these approaches sometimes succeed in identifying predictors of sexual behaviour, it is less clear to what extent such characteristics drive decisions regarding sexual encounters [18, 19] , their role in the conformation of beliefs systems, knowledge, motivation and behavioural change [20] . Alternative approaches to questioning routinely collected data could help identify and contextualize otherwise unnoticed heterogeneity in behavioural change. As opposed to conventional approaches, our work exploits an intuitive principle. We used unsupervised learning to infer "behavioural clusters" based purely on the recognition of longitudinal patterns of Condomless Anal Intercourse with non-steady partners (nsCAI) over the last 18 years in the Swiss HIV Cohort Study (SHCS; www.shcs.com) [21] . We then characterized the relationship between cluster memberships and sociodemographic characteristics by means of supervised machine learning methods.
Methods
Systematic data collection on sexual behaviour in the SHCS: The Swiss HCV Cohort Study (SHCS, www.shcs.ch) is a nationwide prospective cohort that routinely collects behavioural, laboratory and clinical data from HIV-positive persons aged > 16 years since 1988. Individual data are recorded at study entry and every 6 months thereafter. We estimate that more than 80% of all MSM currently diagnosed with HIV in Switzerland are followed in the cohort [8, 22] .
The SHCS has been approved by the ethics committee of the participating institutions were recorded, it was flipped at the midpoint between the two discrepant registries. This status only changed based on new information i.e., a patient who had been determined to engage in nsCAI was assumed to do so until the opposite could be determined based on a new interview. At least one report of nsCAI, a minimum of two nsCAI assessment records, and a follow-up time of 2 years or more were required for inclusion in these analyses.
Individual nsCAI trajectories were combined into a standardized matrix (behavioural matrix), which we constructed by transforming them using piecewise functions. The binary metric (i.e. proportion of concordant bits, also known as Jaccard distance) for computing the distance matrix, and the Ward's method as agglomeration criterion [23] .
To increase the likelihood of successful agglomeration in the status matrix, we considered information from mid-2001 (as sexual behaviour questionnaires were first introduced in 2000). We utilized the R function hclust [24] to produce the clusters presented in this manuscript.
Discriminatory power of sociodemographic characteristics:
We investigated whether a set of sociodemographic variables available from the cohort data could predict to which behavioural cluster a patient would belong. We simultaneously used Boosted Decision Trees (BDT), k-Nearest Neighbours (kNN) and Maximum Likelihood Methods (ML) to seek for associations between cluster membership and a set of sociodemographic variables including age, (calendar) time of registration, origin and education level. We summarized the aggregated outcome of these analyses with Receiver Operating Characteristic (ROC) curves.
iterations in which the simulated area under the ROC curve (AUC ROC) equalled or exceeded that of the original classification.
Computations were implemented in R (version 3.4.4), TMVA (version 4.2, running under Root version: 6.14) and python (version 3.7, libraries: pandas [25] , numpy [26] , scipy [27] ). All software ran under Arch Linux x86_64 4.18.1. Figure 2B ). Two clusters displayed consistently higher and increasing fractions (Cluster 2, blue and Cluster 3, green; accounting for 20% and 17% of total number of included patients, respectively). The nsCAI curves for these two clusters were similar at the beginning, but they seem to split in 2010: nsCAI grew faster in Cluster 2 than it did in Cluster 3. Interestingly while nsCAI declined from 2014 onwards in cluster 2, it continued to increase in cluster 3. Both nsCAI curves appeared to stabilize in 2016. In Cluster 4 (10% of total number of included patients), nsCAI remained below 13% until 2017, when it rose sharply to reach 85% (95% CI:80-90%) in 2018. (Figures 4-5 
Results

Of
Discriminatory power of traditional sociodemographic characteristics
):
These analyses, which were independently performed for each cluster in Figure 2 , suggests that sociodemographic characteristics had discriminatory power for Clusters 1 and 3 (70% of the total number of patients) but not for Clusters 2 and 4, as evidenced by the ROC curves in Figure 4 and by the toy Monte Carlo permutations tests in sociodemographic variables in these two clusters. In the same test for Clusters 1 and 3, all simulated AUC were below those of the original classification. This constitutes the strongest association we found between cluster membership and sociodemographic variables.
In order to identify potential prominent features, and in addition to the above described use of three machine learning algorithms, we directly examined the distributions of sociodemographic variables across clusters and their correlation, which are shown in Figure   6 . Note that in panel F, the distribution of year of registration in the cohort has separated peaks for Clusters 1 and 3. Members of Cluster 3 (green) had the latest average registration date across clusters, which suggests more recent HIV infections. By contrast, members of Cluster 1 (violet) had the earliest average registration date across clusters. As depicted above, Clusters 1 and 3 (violet and green) also yielded the strongest discriminatory power of sociodemographic variables. Neither visual inspection nor statistical tests indicated further prominent differences between clusters regarding variable distribution/correlation.
Discussion
Behavioural clustering purely based on individual trajectories of Condomless Anal
Intercourse with non-steady partners (nsCAI) in MSM suggest that the continuous overall increase in nsCAI observed over the last 18 years was the consequence of collective, yet heterogeneous behaviours. These included drastic changes occurring over time-periods that differed across clusters (Figure 2 ). The overall increase in this practice over the last 18 years is largely attributable to two behavioural clusters accounting for a third of the population (Clusters 2 and 3). The largest behavioural cluster contained 53% of the study population and displayed the most stable behaviour over time. Sociodemographic variables were predictive of cluster membership for two behavioural clusters containing 70% of the study population, but not for the remaining two clusters, which displayed the most drastic changes over time.
To the best of our knowledge, this is the first published study to infer risk groups and to depict behavioural trends based purely on trajectories of sexual practices (nsCAI in this case). It did not assume a-priori that persons' characteristics such as age, origin, level or education or year of HIV diagnosis explained their choices regarding sex. The availability of longitudinal, long-term records of nsCAI, which the SHCS has collected for almost 18 years, enabled this analysis.
The method outlined here is intuitive. Grounding the analyses on nsCAI alone allowed a compact presentation of the method and facilitated results interpretation. While considering only one dynamic variable (nsCAI) may be seen as a limitation, this variable, often recorded in studies on sexual behaviour, has shown to be a powerful predictor of other sexual behaviours and of STI transmission [4, 5, 7, 28, 29] . Adapting this method to include more variables is straightforward, and it is suitable for any setting with available longitudinal data on nsCAI or other quantities including clinical outcomes. We evaluated for discriminatory power variables available from the SHCS data, which are most commonly recorded in other longitudinal studies. However, we cannot exclude the existence of more predictive, yet unmeasured sociodemographic characteristics. Moreover, this approach can be used within an explanatory mixed method research design [30, 31]: Hypotheses generated based on clusters could be explained by qualitative data that provide more comprehensive insights into behavioural change. Suitable methods alternative to our algorithmic approach (i.e., hierarchical clustering) include model-based clustering such as This study does not deal with the attribution of specific underlying mechanisms that bound patients within clusters together. A possible explanation for the behavioural patterns depicted in this manuscript is that patients sharing behavioural clusters respond and adapt similarly to external information such as messages from the media, public campaigns aimed at reducing exposure to STI transmission, health care provider information and scientific releases. For example, the acceleration in nsCAI in Cluster 2 ( Figure 2B , blue) coincided with the diffusion of the Swiss statement (part of a publication by Swiss researchers which stated that people with HIV were not infectious if they were on effective antiretroviral therapy for at least six months and without any STI) [32] . This concept is closely related to the U(undetectable) = U(untransmissible) message [33, 34] , which has been widely supported by subsequent studies [35] . The sharp rise of nsCAI in Cluster 4 in 2017 may be associated with awareness resulting from the publication of landmark studies confirming the efficacy of PrEP (from 2015 onwards [36] [37] [38] ) [39, 40] and with the rapid spread of chemsex (sexual activity under the influence of stimulant drugs such as methamphetamine, mephedrone, GHB/GBL or Ketamine) in Switzerland [41] . Importantly, decreasing condom use following the rollout of PrEP has been documented [40] . We believe the method outlined in this manuscript could help identify triggers of behavioural change. Of note, the remarks in this paragraph are of a hypothetical nature and proving or disproving them is beyond the scope of this manuscript. A further study aimed at assessing these hypotheses by means of qualitative research is warranted.
Finally, sexually transmitted infections propagate along sexual networks [42] . But sexual behaviour may change unevenly within sexual networks if individuals sharing a sexual network do not share decision-making mechanisms and sexual behaviours [43] . We therefore think that the method depicted in this manuscript is complementary to those concerning the characterization of contact structures (e.g. inferred from transmission networks) [44] [45] [46] .
In summary, we identified behavioural clusters based purely on the recognition of similarities and differences in longitudinal patterns of change in condomless anal intercourse with non-steady partners. The method we proposed could help identify key All these relationships were outside this work. 
